Age-related phenotypes are characterized by genetic heterogeneity attributed to an uncertain role of evolution in establishing their molecular mechanisms. Here, we performed univariate and pleiotropic meta-analyses of 24 age-related phenotypes dealing with such evolutionary uncertainty and leveraging longitudinal information. Our analysis identified 237 novel single nucleotide polymorphisms (SNPs) in 199 loci with phenotype-specific (61 SNPs) and pleiotropic (176 SNPs) associations and replicated associations for 160 SNPs in 68 loci in a modest sample of 26,371 individuals from five longitudinal studies. Most pleiotropic associations (65.3%, 115 of 176 SNPs) were impacted by heterogeneity, with the natural-selection-free genetic heterogeneity as its inevitable component. This pleiotropic heterogeneity was dominated (93%, 107 of 115 SNPs) by antagonistic genetic heterogeneity, a phenomenon that is characterized by antagonistic directions of genetic effects for directly correlated phenotypes. Genetic association studies of age-related phenotypes addressing the evolutionary uncertainty in establishing their molecular mechanisms have power to substantially improve the efficiency of the analyses. A dominant form of heterogeneous pleiotropy, antagonistic genetic heterogeneity, provides unprecedented insight into the genetic origin of age-related phenotypes and side effects in medical care that is counter-intuitive in medical genetics but naturally expected when molecular mechanisms of age-related phenotypes are not due to direct evolutionary selection.
INTRODUCTION
Large-scale genetic association studies including those called genome-wide association studies (GWAS) are a powerful tool for gaining insight into the genetics of human health span and life span. Historically, such studies were built in the framework of medical genetics, which is best adapted for Mendelian (hereditary) disorders. Major contributors to health span are common diseases (such as cardiovascular disease, stroke, cancer, Alzheimer's disease) occurring in late (i.e., post-reproductive) life and the risk factors that make individuals vulnerable to these diseases, collectively called age-related phenotypes. These are complex phenotypes of non-Mendelian type (Plomin et al., 2009 ). However, large-scale genetic association studies of such phenotypes utilize the same framework as for Mendelian disorders.
Biologists argue that gaining insight into biological processes requires evolutionary explanations (Dobzhansky, 1973) . Because medical genetics historically focused on Mendelian-type hereditary disorders, such disorders are traditionally explained in terms of basic evolutionary forces such as mutation, natural selection, genetic drift, and gene flow. However, the sister discipline of evolutionary biology emphasizes fundamental difficulties in genetics of age-related phenotypes due to an uncertain role of evolution in establishing their molecular mechanisms (Kirkwood et al., 2011; Nesse et al., 2012) . This problem is complicated by recent changes in human life expectancy (Oeppen and Vaupel, 2002) and the fitness landscape (Vijg and Suh, 2005; Crespi et al., 2010) . Paradoxically, both medical genetics and evolutionary biology developed mostly independently, despite their reliance on the same forms of genomic data.
Evolutionary biology argues that mechanisms of age-related phenotypes are the results of indirect factors ("side-effects") such as co-evolution with fast-evolving pathogens, mismatch with environments, reproductive success at the expense of health, trade-offs that leave every trait suboptimal, defenses and their special costs (Nesse and Williams, 1994; Nesse et al., 2012) . The indirect role of evolution in mechanisms of age-related phenotypes, called in this paper evolutionary uncertainty, is the source of natural-selection-free genetic heterogeneity in predisposition to age-related phenotypes. This is an inevitable source of heterogeneity in the case of age-related phenotypes complementing the traditionally considered sources associated with complexity of phenotypes and their polygenicity. The inherent heterogeneity of age-related phenotypes can explain why the same allele can confer different, even antagonistic, risks to the same phenotype in different populations with the same ancestry (Day-Williams and Zeggini, 2011; Ukraintseva et al., 2016) and may result in complex forms of pleiotropy with seemingly related (Kulminski et al., 2016c (Kulminski et al., , 2017 or unrelated (Goh et al., 2007; Barabasi et al., 2011; Kulminski et al., 2016a) phenotypes. This complexity implies that the role of the same genetic variant in the same phenotype can be naturally modified by the life course (Kulminski et al., 2013 (Kulminski et al., , 2017 Ukraintseva et al., 2016) regardless of heritability of such phenotypes because heritability concept for age-related phenotypes is notoriously problematic (Lewontin, 1974; Rose, 2006) .
Here, we report the results of univariate and pleiotropic meta-analyses of genetic associations with multiple agerelated phenotypes dealing with the evolutionary uncertainty in establishing their molecular mechanisms and leveraging longitudinal information. This approach follows the framework of evolutionary biology, which argues that genetic predisposition to age-related phenotypes is inherently heterogeneous, with the natural-selection-free genetic heterogeneity as its inevitable component. Thus, the key element of this biologically-motivated approach is addressing the inherent heterogeneity in genetic predisposition to such phenotypes. We identified 411 nonproxy single nucleotide polymorphisms (SNPs) (with linkage disequilibrium r 2 < 70%) with genome-wide (GW) significance (p < p GW = 5 × 10 −8 ) in a modest sample of 26,371 Caucasians from five longitudinal studies, including 237 novel SNPs (199 loci), 11 SNPs in the major histocompatibility complex (MHC), and 3 (3 loci) and 160 (68 loci) SNPs with p-values smaller and larger, respectively, in the current study than in previous studies. We show that the evolutionary uncertainty plays a dominant role in the associations with age-related phenotypes. We found that vast majority of pleiotropic associations with age-related phenotypes were affected by antagonistic genetic heterogeneity, a phenomenon not previously routinely recognized, that is characterized by antagonistic directions of genetic effects for directly correlated phenotypes.
MATERIALS AND METHODS

Study Cohorts
Data were obtained from five longitudinal studies from the Candidate gene Association Resource, Atherosclerosis Risk in Communities (ARIC) study (Investigators, 1989) , Cardiovascular Health Study (CHS) (Fried et al., 1991) , Coronary Artery Risk Development in Young Adults (CARDIA) study (Hughes et al., 1987) , Multi-Ethnic Study of Atherosclerosis (MESA) (Bild et al., 2002) , and Framingham Heart Study (FHS) (Cupples et al., 2009 ). The FHS included three cohorts comprising parental (FHS_C1), offspring (FHS_C2), and grandchildren (FHS_C3) generations. Given this complex design, the FHS cohorts were examined separately.
Phenotypes
The analyses focused on 24 phenotypes (16 quantitative markers, 7 diseases, and death) listed in Table 1 . Given the longitudinal design of the studied cohorts, the analyses leveraged repeated measurements of quantitative markers during followup and information about the timing of disease onset or death (Supplementary Table 1 ). These not strongly correlated phenotypes (Supplementary Figure 1) were available in the majority of selected cohorts. All studies collected information on diseases and death in population samples during follow-up. within a protein-coding gene, the closest gene was assigned.
HR), systolic blood pressure (SBP); blood (BLD): adiponectin (ADPN), albumin in serum (AlbS), blood glucose (BG), creatinine, hemoglobin (HGB), high-density lipoprotein cholesterol (HDL-C), total cholesterol (TC), triglycerides (TG); and inflammation (INF): albumin in urine (AlbU), C-reactive protein (CRP), interleukin 6 (IL6
Multiple genes were assigned if they were at about the same distance up-and down-stream from the index SNP or if the index SNP was within the region of overlapping genes. Loci were naturally associated with genes. Analyses were performed in two stages (Figure 1 ).
Univariate Genetic Association Study in Stage 1
Genetic association study was performed for each phenotype in each cohort separately. This conventional approach was enhanced by leveraging longitudinal information. For quantitative markers, we used all measurements available during follow-up for the same individuals. Information on longitudinal measurements has multiple advantages including a potential gain in statistical power. To correct for repeated measurements correlations in the analyses of quantitative markers in all studies except the FHS, we used the generalized estimating equation (GEE) model with random effects for repeated measurements (gee package in R used with unstructured correlations). As the FHS included participants from large families, we used the linear mixed effects multilevel model (lme4 package in R) with random effects to correct for familial structure and repeated measurements correlations because the GEE model was not efficient due to memory constraints, particularly for variables with a large number of observations. Given gamma-like frequency distributions of ADPN, AlbU, CRP, and IL6, a GEE model with a gamma function and log-link was used in all studies. We evaluated associations for SNPs using the available measurements of quantitative markers for individuals of a given age at each examination.
Longitudinal information on time to events was implemented in the Cox proportional hazards mixed effects model (coxme package in R) that addressed familial relatedness. In the FHS, we used both prospective and retrospective onsets. The use of retrospective onsets in a failure-type model is justified by Prentice and Breslow (Prentice and Breslow, 1978) . These analyses provide estimates of effects in a given population. The time variable in these analyses was the age at onset of an event or at right censoring.
The models were adjusted for: (all studies) age, sex, and the first five principal components; field center (ARIC, CARDIA, CHS, MESA); genotyping stage (CHS); and whether DNA samples had been subject to whole-genome amplification (FHS) . Because the GEE model for AlbU with log-link gamma function adjusted for five principal components did not converge for CHS, this adjustment was disregarded in this analysis.
Principal component analysis (PCA) was performed on genotyping data after quality control using the smartpca program from the EIGENSOFT package.
Meta-Analyses in Stage 2
After stage 1, each SNP had a table with association statistics for up to 24 phenotypes in seven cohorts. These statistics were combined along two possible pathways (Figure 1 ): (i) across studies and then across phenotypes and (ii) across phenotypes and then across studies. These pathways can provide different results because of the inherent heterogeneity in genetic predisposition to age-related phenotypes (see the Significance). To address the impact such heterogeneity, we used four tests in pathway 1 and three tests in pathway 2 (Figure 1) .
In pathway 1, univariate (phenotype-specific) meta-analysis combining stage 1 statistics across cohorts (pathway 1a) was performed using the Fisher test and conventional GWAS fixedeffects meta-test. Pleiotropic meta-analysis (pathway 1b) was performed by combining the univariate meta-statistics for the same SNPs across phenotypes. In pathway 1b, we used the Fisher test and two omnibus tests. The latter are traditionally used to address correlations between the effect statistics and phenotypes (details on all tests are below).
In pathway 2, we performed first pleiotropic meta-analysis by combining the stage 1 univariate statistics across phenotypes in FIGURE 1 | Scheme of univariate and pleiotropic meta-analyses in stage 2. (A) Statistics from stage 1 univariate genetic association study of 24 phenotypes in seven cohorts denoted PiCj, i ∈ 1, 24 and j ∈ 1, 7 . (B) Univariate statistics from the meta-analysis across cohorts using the fixed-effects meta-test (PiM) and Fisher test (PiFc). (C) Statistics from the pleiotropic meta-analysis across phenotypes in cohort j for: (i) omnibus tests with correlation matrix for phenotypes P j (OpCj) each cohort separately (pathway 2a) using the Fisher test and the two omnibus tests as in pathway 1b. Then, we combined these pleiotropic meta-statistics across cohorts using the Fisher test (pathway 2b).
Fixed-Effects Meta-Test
We adopted a conventional GWAS meta-test using a fixed effects model with inverse-variance weighting [METAL software (Willer et al., 2010) ]. The combined effect size was estimated aŝ β M = ( i w iβi )/( i w i ), and the variance of this effect-size was var(β M ) = 1/( i w i ), whereβ i is the effect size in the study i and w i is the reciprocal of the variance ofβ i .
Fisher Test
The Fisher test (Fisher, 1970) combines p-values assuming that there is no correlation between the tests that generated these pvalues. In pathway 1a, this test has the power to reject the "null" hypothesis of no pooled effect regardless of the effect sizes and directions in the cohort-specific statistics. Accordingly, this test can indicate heterogeneity in genetic associations by providing smaller p-values than those from the fixed-effects meta-test. In pathways 1b and 2a, the Fisher test combines p-values across phenotypes assuming that these p-values are from independent associations. This test is often used for pleiotropic meta-analysis of modestly correlated phenotypes (Fortney et al., 2015) . Because the Fisher test combines p-values from multiple statistics, it addresses the problem of multiple testing by increasing the number of degrees of freedom.
Omnibus Tests
The Fisher test is based on the assumption of independence of the combined statistics. The statistics for the associations of the same SNPs with different phenotypes may or may not be independent. It is therefore argued that tests penalizing for correlation of such statistics should be used to deflate the Fisher test estimates. A commonly adopted test in this case is an omnibus test (Xu et al., 2003; Bolormaa et al., 2014; Zhu et al., 2015) .
Suppose that for a certain SNP we have an estimated effect sizê β ij and its standard errorσ ij for the phenotype i ∈ 1, K j in the cohort j ∈ 1, 7 , where K j is the number of phenotypes in a study j. A general omnibus test statistic can be constructed asẑ
jẑ j , whereẑ j =β j /σ j is a z-score vector of associations of SNPs with phenotypes and j is the correlation matrix of the z-scores to be estimated (Xu et al., 2003; Bolormaa et al., 2014) . Accordingly, this test takes into account the correlation of the effect statistics for different phenotypes. Under the null hypothesis (β j = 0), the test statistic follows a chi-squared distribution with K j degrees of freedomẑ
from which we obtained a combined p-value p j in the study j.
Correlation matrices can be evaluated from the estimates of the effect statistics for each phenotype for independent SNPs; they are denoted ≡ B . It has been argued that can be also constructed by evaluating correlations between phenotypes (Zhu et al., 2015) ; these matrices are denoted ≡ P . Correlation matrices were constructed for pathways 1 and 2 (Figure 1) separately. Cohort-specific matrices B j for pathway 2 were constructed by evaluating correlations of the effect statistics in each cohort using the results from the univariate genetic association study in stage 1 for each phenotype for independent SNPs. For pathway 1, matrix B m was constructed by evaluating correlations of the effect statistics from the fixed effect meta-test of all cohorts. The phenotype-based cohortspecific matrices for pathway 2, P j , were constructed using phenotype measurements in each cohort separately by evaluating correlations between vectors defined by person-observations of the selected phenotypes. In the case of no overlapping measurements of quantitative traits, the closest measurements to a given examination were used. Matrix P m for pathway 1 was constructed using a fixed effect meta-test applied to the correlation statistics of phenotypes in each cohort, which was evaluated using averaged values for quantitative traits measured longitudinally at different visits.
Genetic Heterogeneity
Evolutionary biology argues that genetic predisposition to agerelated phenotypes is inherently heterogeneous due to the undefined role of evolution in establishing their molecular mechanisms. This implies that mechanisms driving genetic predisposition to age-related phenotypes and correlations between these phenotypes may have different origins. Figure 2 illustrates four types of genetic heterogeneity in connections of SNPs with two partly correlated age-related phenotypes P1 and P2. Figures 2A,B illustrate commonly expected heterogeneities (of types 1 and 2) when vectors of the effects β 1 and β 2 are aligned with projections P1 and P2 of a vector of correlation, or, equivalently, a bivariate vector of the effects is aligned with a vector of correlation. Heterogeneity of type 1 (Figure 2A ) refers to the situation when one observes perfect alignment of these vectors in some sub-samples. Although this situation resembles homogeneity, it actually may not be. To prove homogeneity, such perfect alignment should be in any sub-sample of a given sample. Type 2 ( Figure 2B ) is a commonly expected heterogeneity with a modest deviation from collinearity of the bivariate vector of the effects and the vector of correlation in subsamples and the entire sample. This heterogeneity, however, preserves alignment of these vectors in the same direction. Both types of heterogeneity can indicate shared mechanisms driving correlation between phenotypes and the effect statistics. Thus, either the B or P -based omnibus test can penalize for this correlation, deflating the estimates from the Fisher test. This is evident from the test statisticsẑ (1) becauseẑ 1ẑ2 21 ,ẑ 1ẑ2 12 > 0 in this situation. Penalization of these statistics indicates overlap in the association signals, which is essential for identifying mediated pleiotropy (Solovieff et al., 2013) and, potentially, shared biological mechanisms in genetic predisposition to different phenotypes. Figure 2C illustrates less commonly expected heterogeneity of type 3 by showing that despite virtually the same alignment as in Figure 2B of the bivariate vector of the effects with the vector of correlation in the entire sample, the mechanisms are different. The difference is that the bivariate vector in Figure 2C is a superposition of virtually independent (orthogonal) bivariate vectors of the effects in subsamples. The subsample-specific bivariate vectors can be strongly misaligned with the vector of the phenotype correlation. Then, the omnibus P -based test will be overly deflated compared to the Fisher and B -based omnibus tests. Type 3 heterogeneity indicates biological pleiotropy due to mechanisms other than those driving correlation between the studied phenotypes. Figure 2D illustrates heterogeneity of type 4, which is counterintuitive in medical genetics but naturally expected when molecular mechanisms of age-related phenotypes are not due to direct evolutionary selection. This heterogeneity implies (virtual) orthogonality of the bivariate vector of effects to the vector of the phenotype correlation, which is driven by opposite directions of the effect vector (β 2 in this case) for one phenotype and projection of the vector of correlation on this phenotype (P2). Accordingly, this heterogeneity is called antagonistic heterogeneity, implying antagonistic directions of genetic effects for directly correlated phenotypes. In this case, the omnibus test provides smaller p-values than the Fisher test, as can be seen from (1) becauseẑ 1ẑ2 21 ,ẑ 1ẑ2 12 < 0 in this case.
Genetic heterogeneity can be further complicated by subsamples with no effects (ellipse with no arrows in Figure 2C ) and/or antagonistic effects for the same phenotypes at, e.g., different ages. This complication can make effects in the entire sample seemingly weak despite strong effects in subsamples.
Significance and Novelty
The fixed-effect, Fisher, and two omnibus meta-tests used in our analyses have power to identify associations that are adjusted or unadjusted for correlation and heterogeneity in genetic predisposition to age-related phenotypes. Accordingly, GW level (p = 5 × 10 −8 ) attained in either of these tests was used as a cut-off for significance for a given SNP. The difference between p-values from these tests for a SNP was used to characterize the impact of correlation and heterogeneity on the association.
SNPs were considered novel if they attained GW significance in: (i) the univariate meta-analysis but were not reported in the GRASP catalog (Leslie et al., 2014) at p ≤ 5 × 10 −8 or (ii) the pleiotropic meta-analysis but not in the pleiotropic analysis of results from GRASP. For univariate meta-analysis, we used evidence for the same (index) SNP in our study and GRASP. If no associations were reported in GRASP for the index SNP, we included SNPs with the smallest p-values within ± 1 Mb flanking region. For pleiotropic meta-analysis, we selected associations from GRASP for the index SNPs with 24 phenotypes used in our analysis ( Table 1) . Then we performed pleiotropic meta-analysis by applying the Fisher test to these GRASP results to present evidence for pleiotropy in prior studies. We used the Fisher test because the effect sizes were not reported in GRASP. We adopted a conservative approach by not penalizing the Fisher statistics for phenotypes with p-values not reported in GRASP.
Heterogeneity Coefficient
We used METAL software (Willer et al., 2010) to evaluate the heterogeneity coefficient I 2 . The I 2 can be interpreted as the percentage of the total variability in a set of effect sizes due to between-sample variability.
RESULTS
Study Overview
We used 24 weakly to moderately correlated (Supplementary Figure 1) age-related phenotypes (16 markers, seven diseases, and death) available from five longitudinal studies comprising seven cohorts ( Table 1) . Analyses were performed for 26,371 individuals of Caucasian ancestry, men, and women combined, in two stages using an additive genetic model with minor allele as an effect allele. In stage 1, we performed a genetic association study of each phenotype (one SNP-one phenotype) in each cohort separately ( Figure 1A) , following the traditional univariate GWAS design. This analysis leveraged longitudinal information from repeated measurements of quantitative markers and the timing of risk outcomes (Table 1 and Supplementary Table 1 ). The univariate statistics in each cohort for each phenotype ( Figure 1A ) can be combined via two pathways ( Figures 1B-E) . The first is the traditional pathway (pathway 1) meta-analyzing the results first across cohorts [as in most GWAS meta-analyses, e.g., (Willer et al., 2013) ] and then across phenotypes (Visscher and Yang, 2016) . The second pathway leverages the availability of the results from individual studies and, thus, it extends the methods based on the summary statistics (Visscher and Yang, 2016) . Accordingly, for pathway 2, we first performed pleiotropic meta-analysis of the results across phenotypes in each cohort and then across cohorts. These analyses addressed the evolutionary uncertainty in establishing molecular mechanisms of age-related phenotypes by performing five meta-tests (Figure 1 ) (see "Materials and Methods").
Univariate Meta-Analysis and Heterogeneity
Using a Fisher test and conventional GWAS fixed-effect metatest (Figure 1 , pathway 1a), we identified 61 novel SNPs (see "Materials and Methods") and 3 SNPs with smaller p-values than previously reported (55 loci; counts of loci exclude the MHC) ( Table 2 and Supplementary Table 2 ). One SNP (rs10160664) was associated with two phenotypes, albumin in urine (AlbU) and C-reactive protein (CRP), at the GW level. Of these 65 GW significant associations (for 64 SNPs), 23 were identified in the fixed-effects meta-test, 11 in the Fisher test, and 31 in both tests. The Fisher test outperformed the meta-test (p Fisher < p meta ) for 18 of the 61 novel SNPs (29.5%). All associations were observed for quantitative markers: 52 for AlbU, 6 for total cholesterol (TC), 2 for heart rate (HR), 1 for high-density lipoprotein cholesterol (HDL-C), 1 for interleukin-6 (IL-6), 1 for albumin in serum (AlbS), 1 for adiponectin (ADPN), and 1 for CRP and AlbU. For 3 SNPs, GW significance in the current study was approximately the same as that in previous studies for the index SNPs (rs17645031, rs1784042) or a nearby SNP (rs1879266). The remaining 61 SNPs, or SNPs nearby to them, did not attain p GW in previous studies ( Table 2) .
Out-performance of the meta-test by the Fisher test indicates a substantial role of heterogeneity in associations across cohorts (see "Materials and Methods"). This is evidenced by a strong and highly significant inverse correlation of the ratio of logtransformed p-values from these two tests, log 10 (p meta )/log 10 (p Fisher ), with the heterogeneity coefficient I 2 (Table 2; r Pearson = −0.874, p = 2.0 × 10 −21 ). This correlation implies that the larger the p meta relative to the p Fisher , the more heterogeneous the association signals across cohorts. Forest plots in Supplementary Figure 2 illustrate homogeneous and heterogeneous associations for uncommon SNPs associated with AlbU across cohorts.
The univariate meta-analysis replicated 198 associations for 160 SNPs (68 loci) with p < p GW (Supplementary Table 3 , Supplementary Material). For most of these SNPs, p-values were smaller for the meta-test than for the Fisher test (p meta < p Fisher ) except for rs1260326, rs13333226, and rs2075650. As for the novel SNPs in Table 2 , we observed a strong and highly significant inverse correlation of log 10 (p meta )/log 10 (p Fisher ) with I 2 (r Pearson = −0.603, p = 5.5 × 10 −21 ). Most of these 198 associations (166 or 83.8%) were observed for lipids.
Univariate Meta-Analysis and Longitudinal Information
Longitudinal information from repeated measurements benefits univariate analyses for SNPs with relatively homogeneous associations across visits by decreasing standard errors (Supplementary Figure 3) . For example, rs17645031 attained p = 6.01 × 10 −23 in our modest sample ( Table 2 , SNP #4) and p = 1.12 × 10 −22 in a previously described sample of 97,063 individuals (Teslovich et al., 2010) (Supplementary Figure 3C) . This improvement substantially increases the efficiency of genetic association studies, which can be quantified by the ratio of the log-transformed p-value to the sample size (Kulminski et al., 2016b) . For rs17645031, the efficiency can be approximated by the ratio of the sample sizes because the p-values in the different studies are virtually the same, yielding a 3.7-fold (=97,063/26,371) larger efficiency in our study than in the previous study (Teslovich et al., 2010) .
Pleiotropic Meta-Analysis
We used four tests in pathway 1 and three tests in pathway 2 (Figure 1) (Tables 3, 4 and Supplementary Tables 4,  5 ) by combining associations with multiple phenotypes that individually did not attain GW significance in univariate metaanalysis (p uni > p GW ). Accordingly, this analysis identified SNPs for which associations may be considered "noise" in univariate analyses (Supplementary Figure 4) . Of these, 79 (75 loci) and 97 (86 loci) SNPs attained GW significance in pathway 1 ( Table 5 illustrates these associations for selected SNPs. Most SNPs in each pathway showed associations in the domain of 16 quantitative markers: 29 of 79 SNPs (pathway 1) and 77 of 97 SNPs (pathway 2). The remaining SNPs showed associations in the domains of: (i) 24 phenotypes (19 and 12 in pathways 1 and 2, respectively), (ii) inflammation markers (20 and 4), (iii) blood markers (4 and 4), and (iv) physiological markers (7 in pathway 1 only). No associations with p < p GW were identified in the disease/death domain. The 79 SNPs identified in pathway 1 were associated with up to 11 phenotypes at p < 0.05 (Table 3 and Supplementary Table 4) , Figure 1E ). Supplementary Tables 4B-D. with most associations clustered in the domain of 16 quantitative markers. Figure 3 shows pleiotropic SNPs that attained GW significance in the domains of 16 quantitative markers or 24 phenotypes. Our analysis also identified 11 SNPs in the MHC (Supplementary Table 6 ). Because p pleio < p GW < p uni for pleiotropic SNPs, this inequality automatically validates pleiotropy for 79 SNPs in pathway 1, as it implies that pleiotropic statistics improved to attain p pleio < p GW by pooling contributions from multiple phenotypes with p uni > p GW (Supplementary Tables 4B-D) . Because combining statistics in pathway 2 may yield p pleio < p GW driven by strong pleiotropy in one cohort only, the set of 97 SNPs did not include SNPs with p pleio < p GW in one cohort that did not attain nominal significance (adjusted for six tests, p > 0.05/6 = 8.3 × 10 −3 ) in at least one additional cohort (Supplementary Table 7) . Figures 1D,E) . Tables 3, 4 
Chr, chromosome; EA, effect allele; EAF, EA frequency. Domain indicates the pleiotropic domain in which minimal GW significant p-values were attained in our pleiotropic meta-analysis examining: physiological (PHY), blood (BLD), inflammation (INF), 16 quantitative markers (16P), 7 diseases and death (8DD), and all 24 phenotypes (24P) domains. P-values are given for all four pleiotropic meta-tests (FcFp, MFp, MOp, and MOb) for a given domain (
Group indicates the type of association defined in the "Genetic heterogeneity and correlation in pleiotropic meta-analysis" section. P GRASP shows p-values from the pleiotropic meta-analysis of results for the index SNPs reported in GRASP. N P and N G show the number of phenotypes that attained a minimal p-value (p < 0.05) in the meta-or Fisher test in a given phenotypic domain in pathway 1 and Fisher test of GRASP results, respectively. More details on the associations for these pleiotropic SNPs are given in
Domain indicates the pleiotropic domain in which minimal GW significant p-values were attained examining: physiological (PHY), blood (BLD), inflammation (INF), 16 quantitative markers (16P), 7 diseases and death (8DD), and all 24 phenotypes (24P) domains. P-values are given for all pleiotropic meta-tests for a given domain (
Group indicates the type of association defined in the "Genetic heterogeneity and correlation in pleiotropic meta-analysis" section. P GRASP shows p-values from the pleiotropic meta-analysis of results for the index SNPs reported in GRASP. N P and N G show the number of phenotypes that attained a minimal p-value (p < 0.05) in the meta-or Fisher test in a given phenotypic domain in pathway 1 and Fisher test of GRASP results, respectively. ID numbers correspond to those in
Genetic Heterogeneity and Correlation in Pleiotropic Meta-Analysis
The Fisher test in pathways 1b and 2a (Figure 1 ) combined p-values across phenotypes assuming that they were from independent associations. Given the evolutionary uncertainty in establishing molecular mechanisms of agerelated phenotypes, these associations may or may not be independent, even for correlated phenotypes, because the mechanisms driving genetic associations with these phenotypes and the correlations among them may have different origins (see "Materials and Methods"). Then, differences in p-values from the Fisher and omnibus tests (Figures 1D,E) reflect the impacts of heterogeneity and/or correlation in genetic associations. Below, we characterize these impacts. We used an ad-hoc cut-off for the difference in p-values between these tests of ≥1.5 orders of magnitude to characterize a strong impact. Our analysis identified conventional and unconventional sets of associations in each pathway. The conventional set, represented by three groups of SNPs in pathways 1 (D, C, FIGURE 3 | Heat map of phenotype-specific associations for selected pleiotropic SNPs. Data are for SNPs with pleiotropic associations in the domains of 16 quantitative markers (16P) and all 24 phenotypes (24P) from Table 3 . Phenotypes are defined in Table 1 . FcFp, MFp, MOp, and MOb denote pleiotropic meta-tests (Figure 1) . Colors code -log 10 (p-value) trimmed at GW level -log 10 (5 × 10 −8 ) = 7.3 for better resolution. and M) and 2 (C, CB, and M) ( (Supplementary Tables 4C,D) . Group M (14 and 7 SNPs in pathways 1 and 2, respectively) was characterized by attaining GW significance in several tests and/or minor (<1.5 orders of magnitude) differences between p-values in these tests.
The unconventional set, represented by three groups of pleiotropic SNPs in pathway 1 (H1a, HP, and HB) and one group (HP) in pathway 2 (Table 5) , was characterized by associations with a strong impact of the evolutionary uncertainty in establishing molecular mechanisms of age-related phenotypes. It included 36 SNPs from pathway 1 ( Table 3) and 81 SNPs from pathway 2 ( Table 4) , covering 66.5% (117 of 176) of SNPs, which defined heterogeneous pleiotropy. The HP group, the most common in each pathway (24 and 81 SNPs in pathways 1 and 2, respectively, covering 59.7% of SNPs), was characterized by attaining GW significance in the P -based omnibus tests (Figure 1 ) and substantially larger (≥1.5 orders of magnitude) p-values in the Fisher-based tests (e.g., p MOp < p GW < p MFp for pathway 1). The HB group (2 SNPs) resembled the HP group except for having p MOb < p GW instead of p MOp < p GW . These results indicate a strong impact of antagonistic genetic heterogeneity ( Figures 2D, 4 ) characteristic for 107 SNPs (60.8%). Lastly, the H1a group (10 SNPs) was characterized by attaining GW significance in the FcFp test and substantially larger (≥1.5 orders of magnitude) p-values in the other three tests in pathway 1 (i.e., p FcFp <p GW <p MFp , p MOp , p MOb ). This result indicates a strong impact of heterogeneity across cohorts because p Fisher in this case was typically smaller than p meta for different phenotypes in pathway 1a (Supplementary Tables 4C,D) .
Pathway 2 provides a natural opportunity to validate the antagonistic heterogeneity for 81 SNPs in different cohorts. Our analysis shows that this heterogeneity, characterized by p OpFc < p FpFc with a difference of ≥0.2 orders of magnitude, was replicated for all SNPs. For 5 SNPs this difference was observed in two cohorts and for the remaining 76 SNPs in three to seven cohorts (Supplementary Table 8 ). 
Biological Pathway and Gene Ontology (GO) Enrichment Analysis
We performed enrichment analyses of biological pathways and toxicity (tox) functions using IPA (www.qiagenbioinformatics. com) and GO biological processes (BPs) using DAVID (Huang da et al., 2009) in two groups of four and two gene sets. The first group included four gene sets: (i) three sets for pleiotropic SNPs from Table 3 (pw1), Table 4 (pw2), and the two tables combined (pw1&2) and (ii) one set for the AlbU-specific SNPs from Table 2 . The second group included genes for SNPs from the identified conventional and unconventional sets. The conventional set of 59 SNPs (Tables 3, 4 , groups D, C, CB, and M) characterizes associations commonly expected in genetic association studies. The unconventional set of 107 SNPs is characterized by strong impact of antagonistic heterogeneity (Tables 3, 4 , groups HP and HB).
The IPA analysis of the first group of four sets identified 41 pathways (Figure 5 and Supplementary Table 9) enriched for genes in at least one set at p < 10 −4 (Fisher's exact test). Five pathways, inhibition of matrix metalloproteases, neuroinflammation signaling, hepatic fibrosis/hepatic stellate cell activation, IL-8 signaling, and apoptosis signaling, were consistently enriched for pleiotropic genes from the pw1 and pw2 sets (p < 10 −2 ), with stronger enrichment attained in the combined pw1&2 gene set (p < 10 −4 ) as well as for genes from the AlbU set (p < 10 −2 ). One pathway, docosahexaenoic acid (DHA) signaling, also attained the same cut offs for the significance, although p-value in the combined pw1&2 set was larger than that in the pw1 set. Pooling genes from the pw1 and pw2 sets into the pw1&2 set improved the significance of the enrichment for most biological pathways (25 of 41) in the pw1&2 set. One pathway, differential regulation of cytokine production in macrophages and T helper cells by IL-17A and IL-17F, was enriched (p < 10 −4 ) exclusively in the pw1 set with no genes in the pw2 set. Of 30 pathways enriched in the pw1&2 set at p < 10 −4 , 15 pathways were either not present (no genes) or did not attain nominal significance (p > 0.05) in the AlbU set.
Nine and 10 pathways were enriched at p < 10 −4 in the unconventional and conventional sets, respectively (Supplementary Table 10 ). Two of them, neuroinflammation signaling and IL-8 signaling pathways, attained p < 10 −4 in both sets whereas the others predominantly characterized the unconventional or conventional set. Thus, this analysis identified 17 pathways enriched at p < 10 −4 in the two sets (Figure 6) . Fourteen of these Seventeen pathways were enriched at p < 10 −4 in the pw1, pw2, and/or pw1&2 gene sets (Supplementary Table 10) . Analysis of the tox functions for these two sets identified 43 terms enriched at p < 10 −4 in the conventional (20 terms) and unconventional (27 terms) sets with four terms related to cardiotoxicity attaining p < 10 −4 in both sets (enlargement of heart, hypertrophy of heart, arrhythmia, and familial arrhythmia) (Supplementary Table 11) . Concurring with the pathway analysis, these terms supported differences in tox functions in the unconventional and conventional sets.
The GO analysis identified 8 BPs with enrichment for genes at p < 10 −4 (Fisher's exact test) in at least one of the four sets, i.e., pw1, pw2, pw1&2, and unconventional sets; no enrichment at p < 10 −4 was observed in AlbU and conventional sets (Supplementary Table 12) . These BPs were associated with immune and inflammatory process (e.g., positive regulation of B cell proliferation, platelet degranulation, response to drug, response to hypoxia), extracellular matrix (extracellular matrix disassembly), the coagulation system (platelet degranulation, response to hypoxia), and specific metabolic events (triglyceride metabolic process). BP positive regulation of B cell proliferation showed the most significant enrichment (p = 9.3 × 10 −7 ) in the pw1&2 set and it was the only pathway enriched at p < 0.01 in all five pleiotropic sets (i.e., excluding AlbU).
DISCUSSION
Despite a modest sample of 26,371 individuals from five longitudinal studies, our comprehensive univariate and pleiotropic meta-analyses identified large number of 237 novel FIGURE 5 | Enrichment of canonical biological pathways in four gene sets. Pw1, pw2, and pw1&2 denote three sets of genes for pleiotropic SNPs (Continued) Tables 3, 4 separately and combined, respectively. AlbU denotes the set of genes for SNPs associated with albumin in urine (AlbU) from Table 2 . Color coding for -log 10 (p-value) is given in the inset. Numerical estimates are given in Supplementary Table 9. FIGURE 6 | Enrichment of canonical biological pathways in two gene sets. Conventional set includes genes for pleiotropic SNPs from Tables 3, 4 , groups D, C, CB, and M. Unconventional set includes genes for pleiotropic SNPs from Tables 3, 4 , groups HB and HP. The conventional set characterizes associations commonly expected in genetic association studies whereas the unconventional set highlights a phenomenon characterized by strong impact of antagonistic heterogeneity. Color coding for -log 10 (p-value) is given in the inset. Numerical estimates are given in Supplementary Table 10 .
SNPs in 199 loci with phenotype-specific (25.7%) and pleiotropic (74.3%) associations and replicated associations for 160 SNPs in 68 loci. We show that most previously reported SNPs, which were replicated in our univariate meta-analysis (98.1%, 157 of 160 SNPs), exhibited relatively homogeneous associations in the studied cohorts. Consistent with the framework of medical genetics, this result provides evidence that currently prevailing strategies of large-scale GWAS are well adapted to handle homogeneous genetic effects. This result is contrasted by a substantial impact of heterogeneity, with the natural-selectionfree genetic heterogeneity as its inevitable component, in a large fraction of the 237 novel SNPs identified in our univariate (18 of 61 SNPs, 29.5%) and pleiotropic (115 of 176 SNPs, 65.3%) meta-analyses. In pleiotropic meta-analysis, this result underscores heterogeneous pleiotropy and its most common type, antagonistic genetic heterogeneity (107 of 115 SNPs, 93%), which is characterized by antagonistic directions of genetic effects for directly correlated phenotypes (Figures 2D,  4) . Although antagonistic genetic heterogeneity is counterintuitive in medical genetics, it is naturally expected when molecular mechanisms of age-related phenotypes are not due to direct evolutionary selection. This heterogeneity also has been reported for alleles from well-known apolipoprotein B gene (Kulminski et al., 2017) , which are involved in lipid metabolism. It provides unprecedented insight into the genetic origins of age-related phenotypes and side effects of medical care. Unlike the common role of antagonistic genetic heterogeneity in pleiotropic associations, our results do not support a common role of mediated pleiotropy (Solovieff et al., 2013 ) (15 of 176 SNPs, 8.5%), which is conventionally assumed for correlated phenotypes, especially in framework of medical genetics (Teslovich et al., 2010) . Most pleiotropic SNPs (137 of 176, 77.8%) attained GW significance in the two largest domains of 16 quantitative markers (60.2%) and 24 phenotypes (17.6%), which supports the hypothesis that genetic associations with multiple age-related phenotypes can be driven by more fundamental mechanisms than those underlying common etiologies of phenotypes (Goh et al., 2007; Franco et al., 2009; Kirkwood et al., 2011; Kulminski et al., 2016a) . This idea has been conceptualized in the rapidly developing discipline of geroscience (Kaeberlein et al., 2015; Franceschi and Garagnani, 2016) , which is based on observations that age and aging (Guarente, 2011) are among the most important risk factors for geriatric diseases of distinct etiologies. This pleiotropy may provide a basis for improving health care by reducing the burden of a major subset of common diseases (Martin et al., 2007; Sierra et al., 2008) . However, the dominant role of antagonistic heterogeneity in pleiotropic associations cautions against simplistic approaches in studies of the genetic origin of multiple age-related phenotypes. Antagonistic heterogeneity emphasizes the importance of personalized medicine (Schork, 2015) , which can potentially handle antagonistic risks [due to gene-gene and/or geneenvironment interactions (Jazwinski et al., 2010; Ukraintseva et al., 2016) ] on an individual basis. Our results suggest that merging geroscience and personalized medicine is highly promising for the efficient translation of discoveries regarding the genetics of age-related phenotypes to health care developments.
The degree of similarity or mismatch of correlation patterns between genetic and phenotypic factors is of enduring interest in the evolutionary genetics as it informs about forces driving development and clustering of phenotypes (Cheverud, 1988) . For example, the similarity of the patterns suggests that the same environmental exposures contribute to the genetic and phenotypic variation (Cheverud, 1988 ) whereas their mismatch indicates that different exposures likely affect them (Hebert et al., 1994) . If a study considers phenotypes directly shaped by natural selection (e.g., fitness-related phenotypes), the analysis of the degree of similarity or mismatch leveraging the genetic basis of pleiotropy helps in dissecting pathways leading to organisms' morphological modularity (Cheverud et al., 2004) . As the age-related phenotypes are considered not to be directly shaped by natural selection (Nesse and Williams, 1994; Nesse et al., 2012) , it is unlikely that this analysis of such phenotypes can help in gaining insights into organisms' morphology. Still, it informs on potential role of the environment. Specifically, co-direction of the genetic associations with phenotypes and correlation between them may indicate the mechanism of biological or mediated pleiotropy (Solovieff et al., 2013) shaped by the same environment. Anti-collinearity of the genetic associations and correlation between phenotypes likely indicates heterogeneity of genetic mechanisms in pleiotropic predisposition to such phenotypes shaped by different environmental exposures. Thus, our finding of extensive effect of antagonistic heterogeneity driven by such anti-collinearity supports a key role of the environment in shaping heterogeneous pleiotropic predisposition to age-related phenotypes.
Our bioinformatics analysis of enrichment of canonical pathways in two groups of four (pw1, pw2, pw1&2, and AlbU) and two (conventional and unconventional) gene sets identified 41 and 17 pathways at p < 10 −4 . The signature of these two groups was enrichment in the immune/inflammation responses, 14 of 41 (Supplementary Table 9 ) and 8 of 17 (Supplementary Table 10 ) pathways, respectively. Of them, two pathways (neuroinflammation signaling and IL-8 signaling) were enriched in all six sets and four (inhibition of matrix metalloproteases, hepatic fibrosis, apoptosis signaling, and docosahexaenoic acid (DHA) signaling) in four sets of the first group (pw1, pw2, pw1&2, and AlbU). Neuroinflammation, an inflammatory response within the central nervous system, is closely associated with neurodegenerative diseases such as the Alzheimer's and Parkinson's diseases (Fulop et al., 2018) . Pro-inflammatory cytokine IL-8 plays an important role in pathological aging as it promotes angiogenesis and tumorigenicity (Qazi et al., 2011) ; it was also linked to cardiovascular disease and neuroinflammation (Apostolakis et al., 2009; Ramesh et al., 2013) . Matrix metalloproteases (MMPs), which are extracellular matrix-degrading enzymes, are also involved in the modulation of inflammation and the innate immune system (Sorokin, 2010) . MMPs are associated with the development of various age-related diseases including cancer, cardiovascular pathologies, neurological diseases, inflammatory, and fibrotic disorders (Freitas-Rodriguez et al., 2017) . Hepatic fibrosis is associated with the expansion of potential cellular sources of extracellular matrix and crosstalk with inflammatory and immune systems (Jiao et al., 2009 ). Apoptosis occurs naturally as a mechanism of maintaining cell populations in tissues and as a defense against harmful stimuli and pathological processes via the immune response (Strasser et al., 2000) . DHA is relevant for brain function especially in the context of neuroinflammation (Hashimoto et al., 2017) . The analysis of top GO BPs supported enrichment of pathways related to inflammation and immunity. Specifically, B cells (positive regulation of B cell proliferation) play an important role in regulation of immune responses and inflammation (Bouaziz et al., 2008; Cain et al., 2009) . BP extracellular matrix disassembly, tightly linked with MMPs, has a role in physiological and pathological traits (e.g., tissue fibrosis, cancer, cardiovascular disease, arthritis) and in mediating immune responses and tissue inflammation (Sorokin, 2010; Bonnans et al., 2014) .
Comparative analysis of enrichment of pathways in the conventional and unconventional sets identified death and stress response as characteristic processes for the conventional set and maintenance of extracellular matrix (ECM) components and tissue homeostasis as those for the unconventional set. The death/stress response is supported by enrichment of genes in three apoptotic signaling pathways, myc mediated apoptosis signaling, death receptor signaling, IL-15 signaling (Figure 6,  Supplementary Table 10 ). In addition, HMGB1 (HMGB1 signaling) codes a proinflammatory cytokine, which is critical to the cell response to stress and is implicated in diseases characterized by cell damages and death (e.g., Alzheimer's disease, stroke, cancer) (Bell et al., 2006) . As a response to stress, p53 signaling can activate multiple apoptotic signals (Vousden and Lane, 2007) . Glucocorticoids (glucocorticoid receptor signaling) are essential for stress response (Oakley and Cidlowski, 2013) . The unconventional-set-specific role of ECM/tissue homeostasis is supported by inhibition of matrix metalloproteases, granzyme B signaling, IL-4 signaling, and Th17 activation pathways. The extracellular proteases, such as the MMPs, are a regulator of extracellular matrix turnover playing a role in tissue development, repair and remodeling (Stamenkovic, 2003) . The serine protease granzyme B is implicated in degradation of extracellular matrix proteins, particularly, influencing age-specific impaired wound healing (Hiebert and Granville, 2012; Parkinson et al., 2015) . The pleiotropic cytokine IL-4 may promote biogenesis of extracellular matrix proteins in normal wound healing and in pathological fibrosis (Postlethwaite et al., 1992; Salmon-Ehr et al., 2000) . The IL-17, the key cytokine produced by Th17 cells, contributes to tissue inflammation associated with extracellular matrix destruction and activates the production and function of matrix metalloproteinases (Miossec and Kolls, 2012) . In line, death and cardiotoxicity terms characterize tox functions in the conventional set whereas hepatotoxicity, which includes liver cancers tightly linked with tissue homeostasis, along with cardiotoxicity are characteristic tox functions for the unconventional set.
Thus, the results of our bioinformatics analysis suggest that inflammation and immune responses, which are critical processes in aging (Finch et al., 2010) , may play a key role in genetic predisposition to multiple phenotypes, highlighting inflammation and immune responses as promising targets in geroscience and personalized medicine (Franceschi et al., 2018) . They also provide first insights into potential biological functions related to tissue homeostasis, which may underline the antagonistic genetic heterogeneity.
In summary, our analysis shows that genetic association studies relying on the rigor of large samples are adapted to handle homogeneous genetic effects. Most genetic associations with complex, age-related traits examined in this study are, however, inherently heterogeneous. Accordingly, large fraction of variance in genetic predisposition to such traits may be missed within the traditional framework. Leveraging more comprehensive analyses adapted to deal with the inherent heterogeneity in genetic predisposition to age-related traits is critical to substantially advance the progress in uncovering genetic architecture of such traits.
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